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els	 proved	 to	be	 the	most	 successful,	with	81%	of	 all	 dives	occurring	within	 areas	
identified	as	search.	k-	Means	clustering	and	first	passage	time	had	the	highest	rates	of	
dives	 occurring	 outside	 identified	 search	 behavior.	 First	 passage	 time	 and	 hidden	
Markov	models	had	the	lowest	rates	of	false	positives,	identifying	fewer	search	areas	
with	no	dives.	All	behavioral	annotation	methods	had	advantages	and	drawbacks	 in	
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1  | INTRODUCTION





satellite	 tracking.	 The	 development,	 miniaturization,	 and	 reduction	
of	cost	in	remote	tracking	technologies	have	enabled	its	widespread	
use	 in	ecological	 studies	 (Cagnacci,	Boitani,	Powell,	&	Boyce,	2010).	
Remote	 tracking	 enables	 behaviors	 to	 be	 inferred	 from	 an	 animals’	
trajectory	 (Buchin,	Driemel,	Kreveld,	&	Sacristán,	2010),	and	has	 led	
to	 rapid	 advances	 in	 the	understanding	of	 species’	 ecology	 (Nathan	
et	al.,	2008).
While	 movement	 patterns	 are	 often	 used	 to	 distinguish	 active	
phases	from	rest,	or	search	behavior	from	traveling	(van	Beest	&	Milner,	
2013;	 Dzialak,	 Olson,	Webb,	 Harju,	 &	Winstead,	 2015),	 identifying	
these	behavioral	states	typically	relies	on	more	complicated	modeling	
procedures	to	detect	potential	underlying	mechanisms	within	behav-
ior	 identification	 (Jonsen,	Myers,	&	James,	 2006;	Kerk	 et	al.,	 2015).	
Considerable	progress	has	been	made	in	developing	methods	that	can	
categorize	 behaviors	 based	 on	 simple	 movement	 metrics	 (Edelhoff,	
Signer,	&	Balkenhol,	 2016).	These	methods	 commonly	 identify	mul-
tiple	states	and	ascribe	these	to	predefined	behaviors	such	as	search,	
rest,	 or	 travel	 (Evans,	 Dall,	 Bolton,	 Owen,	 &	Votier,	 2015;	 Guilford	
et	al.,	 2008;	 Hamer,	 Phillips,	Wanless,	 Harris,	 &	Wood,	 2000;	 King,	
Glahn,	&	Andrews,	1995;	Palmer	&	Woinarski,	1999;	Shepard,	Ross,	
&	Portugal,	2016;	Weimerskirch	et	al.,	2006).	However,	Gurarie	et	al.	
(2016)	 argued	 for	 closer	 and	 more	 detailed	 exploratory	 analysis	 of	
movement	data	 to	prevent	mis-	specification	of	behavior,	 suggesting	










Roberts,	&	Botsford,	2011).	Foraging	activity	 is	 a	key	component	 in	
an	animal’s	time	and	energy	budget,	and	it	is	well	established	that	an-
imals	 in	environments	with	patchy	 resources	must	engage	 in	 search	
behavior	to	optimize	their	foraging	effort	in	terms	of	maximizing	prey	














Millspaugh,	 Beringer,	 Sartwell,	 &	 He,	 2007),	 time–depth	 recorders	
(Dean	et	al.,	2012;	Shoji	et	al.,	2015;	Tinker,	Costa,	Estes,	&	Wieringa,	
2007),	 stomach	 loggers	 (Weimerskirch,	 Gault,	 &	 Cherel,	 2005),	 and	
accelerometers	(Hansen,	Lascelles,	Keene,	Adams,	&	Thomson,	2007;	
Sato	et	al.,	2007)	among	others.	However,	many	of	these	technologies	
are	either	expensive	 resulting	 in	 small	 sample	 sizes	or	 are	 too	 large	
to	 deploy	 on	 animals	 in	 combination	with	 location	 loggers	without	
significant	 adverse	 impacts	 (Barron,	 Brawn,	 &	Weatherhead,	 2010;	
Hammerschlag,	Gallagher,	&	 Lazarre,	 2011;	Vandenabeele,	 Shepard,	
Grogan,	&	Wilson,	 2012).	As	 a	 result,	many	 studies	 still	 rely	 on	 the	
sole	use	of	location	data	and	path	segmentation	approaches	to	iden-














studied	species	 that	occur	principally	 in	 the	temperate	shelf	seas	of	
the	 North	 Atlantic	 during	 the	 breeding	 season.	 Gannets	 are	 visual	
predators	 (Cronin,	 2012)	 and	 undertake	 plunge-	diving	 from	 height,	
entering	 the	water	 at	 speeds	 of	 up	 to	 24	m/s	 (Chang	 et	al.,	 2016).	
Prior	 to	diving,	 gannets	 typically	 slow	 their	 flight	 and	 increase	 their	
path	sinuosity	(Wakefield	et	al.,	2013;	Bodey	et	al.,	2014;	Patrick	et	al.,	
2014;	Warwick-	Evans	 et	al.,	 2015).	 The	 relationship	 between	 slow	
speed	during	search	and	prey	capture	attempts	has	been	established	
both	 theoretically	 (Bartoń	 &	 Hovestadt,	 2013;	 Benhamou,	 2004)	
and	empirically	 in	 a	variety	of	mobile	marine	 and	 terrestrial	 species	
(Anderson	 &	 Lindzey,	 2003;	 Byrne	 &	 Chamberlain,	 2012;	 Edwards,	
















identified	search),	 fewer	 false	positives	 (search	containing	no	dives),	
and	 fewer	 false	 negatives	 (dives	 occurring	 outside	 identified	 search	
behavior).	Using	 this	 framework,	we	will	 also	 provide	 recommenda-
tions	on	the	appropriate	use	of	methodological	approaches.
2  | MATERIALS AND METHODS
2.1 | Data collection
















ing	 (Grémillet	 et	al.,	 2004),	 and	 involved	 affixing	 loggers	 ventrally	
to	2–4	central	 tail	 feathers	using	strips	of	waterproof	Tesa©	tape.	
Total	instrument	mass	was	≤2%	of	body	mass,	below	the	maximum	








into	 Cartesian	 coordinates	 using	 a	 Universal	 Transverse	 Mercator	
(UTM)	30N	projection	before	calculating	step	length	and	turning	an-
gles.	 Although	GPS	 tags	were	 programmed	 to	 take	 locations	 every	
2	min,	 if	 there	was	no	available	GPS	signal	 (because	a	bird	was	div-












ing	or	 infer	 foraging	behaviors	 from	movement	data,	 summarized	 in	
Table	1.	The	methods	 are	 not	 considered	 exhaustive,	 but	 represent	
a	 range	 of	 approaches	 covering	movement	 pattern	 description	 and	
process	 identification	 (Edelhoff	 et	al.,	 2016).	Movement	pattern	de-
scription	approaches	include	kernel	density,	first	passage	time	(FPT),	
and	 speed/tortuosity	 thresholds,	 while	 process	 identification	 tech-
niques	applied	covered	k-	means	clustering	and	two	state-	space	mod-
els,	hidden	Markov	models	(HMM)	and	effective	maximization	binary	
clustering	 (EMbC).	The	 two	 forms	of	 state-	space	models	were	used	
to	represent	diverging	classes	of	state-	space	model;	maximum	likeli-
hood	methods	 (EMbC),	 and	Bayesian	Monte	Carlo	methods	 (HMM)	
(Patterson,	 Thomas,	 Wilcox,	 Ovaskainen,	 &	 Matthiopoulos,	 2008).	





























k-	Means Low No Yes Yes
Thresholds Medium Yes Yes No
FPT Medium No Yes Yes
HMM Medium Noa Yes Yes
Kernel	
density
Low No Dependent	on	scale Yes
EMbC Low No Yes Yes
aHMM	do	not	require	validation	data	in	this	context,	but	can	employ	if	desired.













Time	 in	 space	 is	 considered	 to	 be	 a	 good	proxy	 for	 foraging	 effort	







Dutilleul’s	 modified	 spatial	 t	 test	 (Dutilleul,	 Clifford,	 Richardson,	 &	
Hemon,	1993)	was	used	to	determine	the	spatial	correlation	between	




and	 Tveraa	 (2003).	 Although	 tracks	 were	 rediscretized	 in	 time	 for	
all	other	analysis,	FPT	requires	tracks	to	be	redistributed	in	space	to	
account	for	changes	 in	bird	speed,	and	so	tracks	were	redistributed	
using	 linear	 interpolation	 to	 500-	m	 distances.	 Analysis	 was	 under-
taken	using	the	AdehabitatLT	package	in	R	(Calenge,	2011).	Based	on	















k-	Means	 clustering	 is	 a	method	of	 vector	quantization	 that	 aims	 to	
partition	n	 observations	 into	k	 clusters,	 and	has	been	used	 to	 clus-
ter	 data	 points	 consistent	 with	 different	 behaviors	 (Jain,	 2010).	 k-	








these	were	 then	 assigned	behavioral	 states	 based	on	 logical	 differ-
ences	between	the	means	of	variables	in	each	group.	The	cluster	with	
largest	step	length	and	smallest	tortuosity	was	defined	as	travel,	short	
step	 length	and	 intermediate	 tortuosity	were	 considered	consistent	
with	rest,	and	intermediate	step	length	and	high	tortuosity	were	con-
sidered	 consistent	 with	 search	 behavior	 following	 Zhang,	 O’Reilly,	
Perry,	Taylor,	and	Dennis	(2015).
2.6 | Speed–tortuosity thresholds
Speed–tortuosity	 thresholds	 from	Wakefield	 et	al.	 (2013)	 were	 ap-
plied	 to	 the	data.	These	were	developed	based	on	prior	knowledge	
of	 gannet	 foraging	behavior	 and	 an	 iterative	 examination	of	 plausi-
ble	 thresholds	 of	 movement	 indices	 from	 those	 initially	 suggested	
by	Grémillet	 et	al.	 (2004).	 Thresholds	 suggested	by	Wakefield	 et	al.	
(2013)	were	applied	as	they	were	based	on	data	from	tracked	gannets	
from	a	 range	of	 colonies,	 including	 the	 data	 analyzed	 in	 this	 study.	
Successive	GPS	locations	were	considered	to	represent	search	if	they	
met	any	one	of	three	conditions:
1. Tortuosity	 <0.9	 and	 speed	 >1	m/s
2. Speed	>1.5	m/s	and	<9	m/s
3. Tortuosity	≥0.9	and	acceleration	<−4	m/s2





















table	 approach	 to	 discretize	 behavioral	modes	 from	 telemetry	 data	
than	Bayesian	approaches	(Langrock	et	al.,	2012).	Using	the	R	pack-
age	moveHMM	 (Michelot,	 Langrock,	&	 Patterson,	 2016),	 the	move-
ment	of	each	individual	along	a	foraging	trip	was	classified	into	one	of	
three	underlying	states	by	characterization	of	the	distributions	of	step	




k-	means	 clustering	 approaches	 within	 this	 study.	 Model	 iterations	









work	 that	 can	be	used	 for	behavioral	 annotation	of	movement	 tra-
jectories,	 including	 search	 behavior	 (see	Garriga,	 Palmer,	Oltra,	 and	
Bartumeus	(2016)).	EMbC	has	been	designed	to	be	a	simple	method	
of	analyzing	movement	data	based	on	the	geometry	alone,	and	can	

























2.10 | Comparison of methods using TDR dives
In	order	to	compare	the	predictive	power	of	the	seven	methods	out-
lined	 above	 in	 predicting	 areas	 in	 which	 dives	 occurred,	 TDR	 dive	
























tion	of	TDR	dives	can	be	seen	 in	 the	Supplementary	Materials	 (see	
Figs.	S1–10).




locations/chain),	 followed	 by	 HMM	 (mean	 8.58	 locations/chain),	
speed	 and	 tortuosity	 thresholds	 (mean	 4.57	 locations/chain),	 and	
EMbC	 (mean	 2.38	 locations/chain).	 k-	Means	 method	 identified	 the	
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most	discrete	search	areas	with	the	shortest	chains	(mean	3.08	loca-
tions/chain).	Using	Kendall’s	tau	correlation,	there	was	a	weak	positive	
correlation	between	 the	 length	of	 search	chains	and	 the	number	of	
dives	occurring	within	them	(Table	3).
The	 performance	 of	 behavioral	 classification	 methods	 was	 as-
sessed	by	comparing	the	occurrence	of	TDR	dives	inside	and	outside	
of	 predicted	 search	 behavior	 (Table	2).	 HMM	 captured	 the	 highest	
proportion	of	TDR	dives	(Figure	2a)	within	search	areas,	and	had	the	














the	 location	of	 prey	 capture	 events.	The	models	 trained	 and	 tested	
on	their	own	colony	 indicated	only	a	 fair	or	slight	agreement	within	
the	data	(following	Landis	and	Koch,	1977)	(Table	5).	Furthermore,	the	


















high	numbers	of	 search	 chains	 that	 contained	no	TDR	dives	 (range	
53%–76%).	There	was	a	weak	correlation	between	chain	length	and	
number	dives	within	a	chain.	While	prey	capture	attempts	will	increase	
with	 trip	 and	 search	 duration	 (Sommerfeld,	 Kato,	 Ropert-	Coudert,	
Garthe,	&	Hindell,	2013),	the	weak	correlation	represents	some	longer	
search	chains	containing	relatively	few	prey	capture	attempts	due	to	


































































































































































































































































































































































































































































































































































































































































































































































































































lizes	 larger	areas	of	space	beyond	movement	paths,	and	so	 it	 is	not	
capable	of	identifying	foraging	in	association	with	temporally	ephem-
eral	events	or	features	that	may	directly	change	an	animal’s	movement	

























sented	with	 limited	 data	 (Samal	 &	 Lyengar,	 1992).	 It	 is	 therefore	
unsurprising	 that	 thresholds	performed	well	 considering	 that	 they	









is	 rapidly	expanding	within	path	 segmentation	 techniques	 (Michelot	
et	al.,	2016;	Roberts	&	Rosenthal,	2004).	Both	the	EMbC	and	HMM	
approaches	 model	 the	 changes	 in	 step	 length	 and	 turning	 angle	
through	time	and	space	to	annotate	the	trajectory	of	an	animal	with	




defined	 the	highest	 number	of	 points	 as	 search	 across	 all	methods,	
it	also	had	one	of	the	 lowest	rates	of	false	positives.	Less	than	20%	
of	dives	occurred	outside	of	 search.	This	would	be	more	 consistent	






ods	may	also	be	suitable	 for	or	 investigating	behavioral	 response	 to	
ephemeral	environmental	cues.
Regional	 differences	 in	 habitat	 and	 prey,	 as	well	 as	 inter-	 and	
intraspecific	competition	are	 likely	 to	 influence	 the	way	an	animal	
forages	(Huig,	Buijs,	&	Kleyheeg,	2016;	Schultz,	1983;	Zach	&	Falls,	
1979).	To	account	for	this,	the	colonies	were	treated	independently	
during	 analysis.	 Machine	 learning	 did	 highlight	 slight	 differences	
between	 colonies	 in	 the	 movement	 metrics	 considered	 to	 be	 of	
most	 predictive	 power,	 suggesting	 local	 differences	 in	 movement	
associated	with	foraging	and	search.	Machine	learning	was	the	only	
method	 that	 directly	 predicted	 prey	 capture	 events	 rather	 than	




size.	As	 a	 powerful	 tool,	 machine	 learning	 approaches	 do	 require	
large	amounts	of	data,	are	computationally	complex,	and	require	a	
priori	knowledge	of	dive	events	 to	 train	 the	model.	However,	ma-
chine	learning	protocols	are	still	being	developed	within	ecological	
research,	 and	 such	 data	 mining	 remains	 a	 challenge	 for	 accurate	
classification	(Hochachka	et	al.,	2007).
An	 interesting	consideration	throughout	the	methods	presented,	




tortuosity	 thresholds,	 and	machine	 learning	did	not	 identify	periods	
of	rest.	The	majority	of	behavioral	annotation	relies	on	the	principle	





(tau) p Value Z statistic
FPT 0.43 <.01 12.67
k-	Means	clustering 0.30 <.01 21.76
Thresholds 0.45 <.01 33.72
HMM 0.47 <.01 23.79
EMbC 0.39 <.01 31.29
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searching	 (Bartoń	 &	Hovestadt,	 2013;	 Benhamou,	 2004).	 However,	
slowing	 down	 and	 turning	more	 could	 also	 be	 an	 indication	 of	 rest	
behavior,	 especially	 when	 considering	 potential	 error	 from	 closely	
positioned	GPS	relocations	 (Hurford,	2009;	Jerde	&	Visscher,	2005).	
The	ability	to	exclude	a	period	that	closely	resembles	search	patterns	
could	 have	 the	 potential	 to	 reduce	 false-	positive	 periods	 of	 search,	
and	we	accounted	for	this	as	much	as	possible	by	removing	locations	
in	proximity	to	the	colony	as	well	as	locations	occurring	at	night	before	
















Colony Correlation p Value F statistic
Degrees of 
freedom
Great	Saltee 0.79 <.01 123.37 69.57


















No dive 779 5,332













As	 such,	 it	would	 seem	a	 sensible	 recommendation	 that	HMM	be	
used	 when	 identifying	 foraging	 (including	 both	 search	 and	 prey	
capture)	areas	is	a	priority.	Across	methods,	rates	of	false	negatives	


















mis-	specification	 of	 behavior	 (Gurarie	 et	al.	 (2016))	 and	 argue	 for	























Data	 reported	 in	 this	 article	 are	 archived	 by	 Birdlife	 International	
(www.seabirdtracking.org).
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